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Abstract. Tree detection has been considered in a number of forest-related applications, mostly 
related to the need of determining the presence and position of trees, and, in certain cases, the 
associated biomass. Most of the tree detection methods are typically based on the use of LiDAR 
surveys, and they often aim either at determining tree crowns or stems. This paper proposes the 
use of a low cost hand held device to acquire a good spatial description of the area close to the 
track reachable by the operator holding the acquisition device. Then, a tree detection method 
based on the local application of the Hough trasform is presented. The performance of the system 




Tree detection has a relevant importance in several forest-related applications [1]. Furthermore, 
including more information in the detection, such as distinguishing stems and leaves, can also be of 
some interest in certain cases, for example to improve biomass estimation. 
This paper is focused in particular in the case of tree detection when dealing when natural hazards, 
causing forest damages, and hence requiring a quick response of decision makers in order to properly 
deal with the consequences of such hazards (and to prevent the bad consequences of such events, if 
possible). 
More specifically, this work is mainly motivated by the need of developing an automatic tool for 
evaluating the damages caused by the Vaia storm at the end of October 2018 in the North-Eastern regions 
of Italy, in particular in the Veneto and Friuli Venezia Giulia regions. Vaia storm was characterized by 
very strong winds that caused the fall of millions of trees. As a side consequence, it also caused huge 
economic losses, mostly due to the significant wood price reduction, due to the sudden availability on 
the market of a huge amount of fir wood. 
The need for assessing the overall amount of fallen trees caused by the Vaia storm motivated the 
airborne Light Detection and Ranging (LiDAR) survey of the area interested by such hazard. Indeed, 
LiDAR data have frequently been used for properly mapping vegetation, and, in particular, for biomass 
estimation in forests [2]. 
In the considered case, airborne LiDAR (at few points per square meter) can be used to determine, 
by comparison with a previously acquired survey, the tree variations, in particular checking the presence 
of new gaps (e.g. this kind of considerations typically involve both tree detection and computing proper 
digital terrain models [3], [4]). 
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Despite such strategy can be quite effective, the recent development of new lightweight LiDAR 
sensors, which can also be mounted on drones or used as hand-held or backpack mobile laser scanners, 
opens the possibility of conveniently use such kind of technology to compute surveys of the area of 
interest at very high spatial resolution (comparable to that of static terrestrial laser scanning [5]). 
The availability of high spatial resolution surveys allows to implement algorithms able also to 
determine several tree features, and, in particular, to detect which ones are fallen trees. 
A number of works have been published considering the problem of tree detection. Most of such 
works are based on the use of airborne LiDAR, which clearly allows to quickly cover large areas. 
Standard tree detection algorithms are often based on the detection of local maxima in canopy height 
models, watershed segmentation [6], and, in certain cases, such kind of segmentation procedure 
extended to hierarchical approaches [7], [8]. Other approaches, based on graph segmentation, such as 
normalized cut, has also been considered, when spatial point density is quite high [9]. Segmentation 
based on level sets methods may be useful as well [10]. 
The deployment of methods based on full-waveform LiDAR data has also been considered [11], 
however, such methods are clearly restricted only to the cases when a full-waveform LiDAR sensor is 
used. More recently, machine learning and deep learning methods have been successfully deployed in 
several detection and recognition applications (also related to point cloud processing) [12], hence they 
can be considered as promising tools also for the application considered in this paper. 
The reader is referred to [13], [14] for a (benchmark and a) performance comparison between the 
different methods proposed in the literature for airborne LiDAR data. 
Tree detection approaches based on the detection of tree features, such as the stem, has also been 
recently considered, for instance based on geometric features, e.g. cylinder fitting [15], when the spatial 
resolution of the dataset is sufficiently high. 
Despite in certain cases spatial point density can be quite high also in airborne LiDAR data [9], 
such working condition is much more common in terrestrial (static and mobile) laser scanning (TLS and 
MLS, respectively), and in (the more recently developed) Unmanned Aerial Vehicle (UAV) LiDAR 
surveys. 
Consequently, approaches based on geometric feature detection are much more common in datasets 
provided by TLS [14], MLS [16] and UAV-LiDAR [17]. Other spatial statistical methods may also be 
considered to properly detect objects, as done for instance in image processing [18]. 
Recently, UAV photogrammetric point clouds and hyperspectral imaging have also been effectively 
considered for tree detection [19]. 
An emerging approach [20], in particular for forest inventories, is that of using mobile platforms, 
such as backpacks [21], and in certain cases even smartphones [22]. 
In analogy with such works, this paper considers the use of a mobile, hand held, device. In particular, 
the hand held mobile laser scanning approach considered in this paper has been developed by deploying 
low cost sensors, in such a way to limit the cost of such tool to less than $ 2k. 
This paper aims at presenting the preliminary results obtained testing such device on the tree 
detection problem, and, more specifically, on checking its usage on the Marcesina plateau, which is part 
of the area hit by the Vaia storm. Figure 1 and 2 show examples of the current status of such area: the 
percentage of fallen trees is very high on the areas hit by the Vaia storm, several of them are still there 
(Figure 2), whereas some others have already been removed (central part of Figure 1). 
 
2. Data Acquisition System 
Data considered in this paper have been collected by means of the combination of a Livox Horizon 
LiDAR and an Emlid Reach M2 GNSS receiver (Figure 3). 
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Figure 1. Example of certain fallen trees in the area 
hit by the Vaia storm. 
Figure 2. Example of certain fallen trees in the area 
hit by the Vaia storm. 
 
 
Figure 3. Data acquisition system. 
 
Livox Horizon is a low cost LiDAR sensor ($ 800), principally designed for the use on autonomous 
vehicle applications. Livox Horizon acquires 240k points per second (480k points per second in dual 
return collection mode), with a 2 cm range precision (at 20~m distance from the LiDAR) and 280 m of 
maximum range. Field of view of the Livox Horizon is 81.7° × 25.1°. Interestingly, an Inertial 
Measurement Unit (IMU) is also embedded in the Livox Horizon, enabling the inertial data collection 
(sampling rate: 200 Hz). 
Emlid Reach M2 is a multi-band multi-constellation GNSS receiver, initially developed for UAV 
applications. Its low cost ($ 650, including receiver and antenna), low weight and small size make it a 
very convenient solution for employing it in mobile applications. Emlid Reach M2 worked in Network 
Real Time Kinematic (N-RTK) operative mode. According to the official receiver specifications, Emlid 
claims Kinematic positioning accuracy of: 7 mm ± 1 ppm horizontal, and 14 mm ± 1 ppm vertical. 
The GNSS antenna has been attached on the top of the Livox LiDAR, whereas battery packs and 
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processing units, which mainly aims at storing all the acquired information (raw data are post processed 
to produce the final product), were positioned inside of a backpack, to be more easily carried by 
the operator. The system is clearly still in a early-prototype version (e.g. GNSS antenna is attached to 
the LiDAR just with some stick tape). 
Overall, the weight of the hand held part of the system is about 1.2 kg. 
Synchronization between Livox Horizon LiDAR and Emlid Reach M2 has been ensured by passing 
a GNSS-derived TTL synchronization signal as input to the LiDAR (by properly converting the Pulse 
Per Second (PPS) output of the Emlid Reach M2). 
 
3. Case Study 
The considered case study is part the area hit by Vaia storm on the Marcesina plateau, as previously 
mentioned. More specifically, given the clear difficulties in walking in the fallen tree area (see Figure 
2), the system has been carried along the track shown in Figure 4 (black line). 
 
 
Figure 4. Track walked by the operator carrying the acquisition system. The satellite view 
represents the area conditions before the Vaia storm. 
 
Given the presence of several obstructions, mainly fallen trees and other vegetation, the real LiDAR 
visibility range is much less than the nominal 280 m. A more in depth investigation on this point is 
reported in Figure 5: despite some measurements can still be found at more than 150 m distance from 
the LiDAR, most of the measurements are collected in the 2-50 m range interval, which, given the 
difficulties in walking on the off-the-track area, means mostly mapping the area close to the track. 
  
Figure 5. LiDAR measurement distribution 
as a function of the distance from the device. 
Figure 6. Measured point density as a 
function of the distance from the LiDAR. 
 
The above considerations are confirmed by Figure 6 where the mapped (planar) point density is 
plotted as a function of the distance from the LiDAR. Figure 6 shows that the point density dramatically 
decreases for ranges larger than 30 m. Furthermore, Figure 6 also shows that the point density peak in 
the collected dataset is in the 15-18 m range interval, whereas a quite low point density can be observed 
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for ranges lower than 9 m: this is probably caused by the relatively small vertical field of view of the 
Livox Horizon LiDAR (25.1°), which during the acquisition was oriented mostly to map the scene 
(e.g. approximate horizontal orientation, in particular when oriented towards the damaged forest areas). 
For what concerns the area quite close to the track, thanks to the very large number of points acquired 
by the Livox LiDAR per second, it is typically mapped at very high spatial resolution (as previously 
shown in Figure 6), however the real point density on an area depends also on the walking speed and on 
the device orientation changes. 
It is also worth to notice that the measurement error of the acquired 3D points typically increases 
with the distance from the LiDAR device (the ranging error is already 2 cm at 20 m). From this 
observation and the one related to the point density (Figure 6), it is quite clear that in order to enable 
effective point processing procedures (e.g. to detect trees) it can be useful to impose a maximum range 
threshold to the points to be mapped (e.g. distance from the LiDAR device shorter than 30 m). 
 
4. Point Cloud Processing: Tree Detection 
Tree detection in a specific area is obtained by means of a Hough transform approach, which can 
be repeated on several areas, if the region of interest is quite large. 
Given a certain search area to be considered for detecting trees (both fallen or not), the tree 
detection algorithm is divided in the following steps: 
 Consider the lists of ф and λ angles to be investigated (Figure 7). In the approach implemented in this 
paper such lists were obtained by selecting an equally spaced set of values for both ф and λ, where 
the variation between two successive considered angle values is of 2°. A couple of values (ф, λ) 
identifies a potential direction of a tree. 
 
 
Figure 7. Definition of ф and λ rotations. 
 
 Assume that the overall region of interested is partitioned in several sub-areas, and that a tree to be 
detected should occupy a significant part of the length of a side of one of such sub-areas. Then, points 
within the considered sub-area are projected along each potential tree direction on a plane orthogonal 
to the considered direction. 
 A discrete representation Iф,λ (raster-like) of the projected points is obtained by considering an equally 
spaced grid, with each square side of size Δs, where Δs=5 cm in our implementation. In the obtained 
grid representation, each point is weighted proportionally to the local point spatial density in its 
neighbourhood (alternatively, a 3D box filter can be applied to the point cloud in order to produce a 
new cloud with homogeneous point density). 
 A 2D filtering approach is used to speed up the detection procedure on each of such Iф,λ, To be more 
specific, several 2D circular ring filters are repeatedly applied to Iф,λ, aiming at detecting trees (with 
trunks approximated as cylinders of different radius) with trunk orientation along the (ф, λ) direction. 
Hence, each of such filters will use a ring of different radius, whose value is related to the radius of 
potential tree trunks to be detected. Given the cloud point measurement noise, and the only 
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approximated description of a tree trunk as a cylinder, the considered circular rings have the average 
of the radius of the inner and outer circumferences corresponding to the ideal trunk radius r, but then, 
their real values are Δr far from r (Δr ≈ 10 cm in our implementation). The size of the used 2D 
cylinder filters is larger than 2(r+ Δr): the 2D filter is defined in such a way that once applied on a 
location of Iф,λ, points falling on the ring are counted positively, whereas points falling within the 
size of the filter but outside of the circular ring are counted negatively. Overall, the 2D filter is zero 
mean, hence, if applied to a randomly uniformly distributed set of points, its result will be 
(approximately) zero everywhere. 
 Local peaks on the 2D filtering outcomes are identified and, if their value is above a properly set 
threshold, set as detected trees. It is worth to notice that the local maximum condition should be 
checked both in the spatial and in the angular neighbourhood (e.g. also on Iф’,λ’, for (ф’, λ’) close to 
the (ф, λ) associated to the hypothetical point of maximum). 
 
The results of the detection procedure described above on the area shown in Figure 8 (a photo of the 
area is shown in Figure 8, whereas the corresponding point cloud is shown Figure 9, from approximately 
the same point of view) are presented in Figure 10. 
 
  
Figure 8. Study area. Figure 9. MLS point cloud obtained for 
approximately the same area shown in Figure 8. 
 
Figure 10 clearly shows both the two detected fallen trees in foreground (almost overlapped, quite 
difficult to distinguish in Figure 8) and the three in the background. 
Separating fallen trees from the other ones is clearly a quite easy operation: a quite reliable 
classification of the fallen trees among the detected ones can be simply obtained by checking if the 
value of the ф angle associated to a tree is quite close to the angle of the ground slope in such location. 
Such detected trees can be considered as the most visible ones in the point cloud, however, some 
others are at least partially present in the point cloud: the two fallen trees in the middle between those 
in foreground and those in background, whose view is partially obstructed by other vegetation. 
Furthermore, also those more distant from the acquisition track have not been detected, but in this 
case the number of measured points describing them (if any) can probably be considered as insufficient 
to reliably detect a tree. 
Points not related to trunks have been properly moved from the point cloud shown in Figure 10, as 
expected.
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Figure 10. Point cloud obtained as a result of the proposed tree detection procedure in the area 
shown in Figure 7. 
 
5. Conclusions 
This paper proposed a hand held acquisition system, based on a low cost LiDAR, a GNSS receiver and 
an IMU, which can be used for instance to map the areas hit by natural hazards that are reachable on 
foot by an operator. Such system has been used to collect data in a region hit by the Vaia storm in 2018, 
and, a small test area has been considered to check the performance of a proposed processing method 
on the problem of tree detection in a point cloud. The GNSS receiver allowed to quite accurately acquire 
the track of the mobile laser (positioning error is expected to be of few centimetres), whereas the 
position accuracy of the acquired point cloud depends on the distance of the considered point from the 
LiDAR, and, in fact, the desired geometric quality of the obtained point cloud represents a limitation on 
the area that should be considered as properly mapped around the LiDAR. Despite a much larger area 
shall be considered to robustly test the performance of the detection approach, the preliminary results of 
Section 4 shows that such approach should be usable to properly detect also fallen trees, which is clearly 
an important goal in the considered application. 
The main advantage related to the use of terrestrial mobile laser scanning in this kind of context is 
related to the possibility of mapping relatively quickly the areas close to the device track, and the high 
spatial resolution of the collected data. Nevertheless, among the terrestrial surveying methods, terrestrial 
static laser scanning is usually more reliable in terms of accuracy, whereas LiDAR mounted on drones 
shall be the a viable way for covering larger areas in less time, but at a much higher instrument cost. 
The authors will consider in their future research work an extension of the presented system in such 
a way to enable effective mapping also in areas where GNSS is not reliable, exploiting both a LiDAR 
odometry-like approach [23] and the use of an external positioning system (e.g. based on ultra wideband 
ranging), which can be used independently of the GNSS [24]. 
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